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ABSTRACT
Measurements of global ocean surface winds made by orbiting satellite radars have provided valuable
information to the oceanographic and meteorological communities since the launch of the Seasat in 1978, by
the National Aeronautics and Space Administration (NASA). When Quick Scatterometer (QuikSCAT) was
launched in 1999, it ushered in a new era of dual-polarized, pencil-beam, higher-resolution scatterometers
for measuring the global ocean surface winds from space. A constant limitation on the full utilization of
scatterometer-derived winds is the presence of isolated rain events, which affect about 7% of the observa-
tions. The vector wind sensors, the Ku-band scatterometers [NASA’s SeaWinds on the QuikSCAT and
Midori-II platforms and Indian Space Research Organisation’s (ISRO’s)Ocean Satellite (Oceansat)-2], and
the current C-band scatterometer [AdvancedWind Scatterometer (ASCAT), on the European Organisation
for the Exploitation of Meteorological Satellites (EUMETSAT)’s Meteorological Operation (MetOp)
platform] all experience rain interference, but with different characteristics. Over this past decade, broad-
based research studies have sought to better understand the physics of the rain interference problem, to search
for methods to bypass the problem (using rain detection, flagging, and avoidance of affected areas), and to
develop techniques to improve the quality of the derivedwind vectors that are adversely affected by rain. This
paper reviews the state of the art in rain flagging and rain correction and describes many of these approaches,
methodologies, and summarizes the results.
1. Introduction
Scatterometer global ocean surface winds have been
providing valuable measurements to oceanographers,
meteorologists, and operational forecasters for many
years (Attema 1991; Figa-Saldana et al. 2002; AGU
2004). Scatterometers are specialized satellite micro-
wave radars that precisely measure the portion of the
transmit power that echoes back (backscatters) from the
earth’s surface (Spencer et al. 2003). Wind speed and
direction are derived from the returned power using
a geophysical model function (GMF). These model
functions combine data from the various geometric
views by the individual antenna(s) and their respective
polarizations. They employ empirical relationships be-
tween the radar observables and principal geophysical
variables at the ocean–atmosphere interface. In the past,
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rain has not been included as a quantitative parameter
in these wind vector retrievals, except as a flagged pa-
rameter in the final data products.
The SeaWinds scatterometer on the Quick Scatter-
ometer (QuikSCAT) satellite is referred to simply as
QuikSCAT both within the community and this docu-
ment, and was so named to signify the intense ‘‘quick
recovery’’ effort after the sudden demise of the National
Aeronautics and Space Administration (NASA) Scat-
terometer (NSCAT) on the Japanese Advanced Earth
Observing Satellite (ADEOS)-I mission (launched in
September 1996 and expired in June 1997). QuikSCAT
gained rapid NASA project approval and was launched
in 1999. QuikSCAT operated at 14 GHz and consisted
of vertical and horizontal polarization channels (Spencer
et al. 2003). Another scatterometer mission, Midori-II,
had an unfortunately short lifetime of only 9 months,
ending in October 2003 because of a power system fail-
ure.Midori-II included both a scatterometer (SeaWinds)
and a multifrequency radiometer [Advanced Microwave
Scanning Radiometer (AMSR)]. Much was learned from
this combination of instruments despite the short time of
operation. While QuikSCAT did not include a radiome-
ter, it lasted more than 10 yr (until its antenna stopped
spinning in November 2009) and provided high-quality
data to a wide variety of scientific users. This decade-long
archive of unique global data will continue to be a resource
well into the future. For example, the Indian Space Re-
search Organization’s (ISRO’s) recently launched Ocean
Satellite (Oceansat)-2, another Ku-band scatterometer sim-
ilar toQuikSCAT. It is expected that the experience gained
and the resources developed forQuikSCATcan be applied
to facilitate the productive application of Oceansat-2 ob-
servations (Bourassa et al. 2010; see also http://www.ioccg.
org/sensors/OCEANSAT_2.pdf).
Operational meteorological community interest in
QuikSCAT grew gradually but steadily after the scatter-
ometer became fully operational. It took time formethods
to be developed that integrated the scatterometer data
products into the mainstream National Weather Service
forecast offices. In recent years, QuikSCAT has proven
critical to improving marine warnings and hurricane fore-
casts. In fact, the National Centers for Environmental
Prediction (NCEP) Ocean Prediction Center added a
higher level of warning for ships (‘‘hurricane force winds’’)
for the midlatitude ocean based on the improved wind
measurements from QuikSCAT (Sienkiewicz et al.
2006). The NCEP Tropical Prediction Center has also
foundQuikSCAT to be necessary for accurate hurricane
forecasts and warnings (Chang and Jelenak 2008). A
compendium of approximately 60 journal articles [from
the American Geophysical Union (AGU) archives] pre-
senting practical and scientific applications of QuikSCAT,
and the previous scatterometer NSCAT, was published
(AGU 2004; also available from T. Liu at w.t.liu@jpl.
nasa.gov).
The loss of QuikSCAT has already had an impact
on the operational meteorological community in the
United Statets. Fortunately, the launch ofOceansat-2 by
ISRO came just in time to provide continuity of Ku-
band scatterometer observations for climatological use.
Unfortunately, the time needed to calibrate and validate
the new instrument left a data gap for operational users.
In addition to the NSCAT/QuikSCAT/Oceansat-2
climate record for Ku-band scatterometers, a long-term
record of ocean winds from lower-frequency (C band)
scatterometers is also available. Including European
Remote Sensing Satellite (ERS)-1,ERS-2, andAdvanced
Wind Scatterometer (ASCAT), the European Space
Agency (ESA) has been obtaining ocean wind measure-
ments since 1991 (Attema 1991; Figa-Saldana et al. 2002).
Full utilization of scatterometer winds is limited by
the presence of rain, which affects about 7% of the
global observations. Unfortunately, some of the most
important and interestingmeteorological events, such as
storms, hurricanes, and El Nin˜o–Southern Oscillation
(ENSO), are accompanied by precipitation, so over-
coming this limitation is a high priority. The effect of
rain on the radar cross section measured by the scat-
terometer, and on the derived winds, depends primarily
on the rain rate in the scatterometer footprint, the true
surface wind speed, and the characteristics of the sensor
(most importantly the signal frequency, polarization,
and incidence angle of the microwave signal with the
surface). Depending upon the combination of these
factors, rain effects can range from negligibly small to
large enough that the underlying wind signal is com-
pletely overwhelmed.
2. Physical basis of scatterometry and rain
interference
The scientific and empirical basis for using microwave
radar to infer sea surface winds was established in the
1960s. Empirical observations in wave tanks and from
airborne field programs led to theoretical studies that as-
sociated Bragg scattering from wind-driven centimeter-
scale surface waves as the primary physical mechanism
for the surface radar cross section variations (Plant 1986).
Modulation of these capillary waves by the dominant
gravity waves produces azimuthal variation in the radar
cross section observed at steep incidence angles (Ulaby
et al. 1986].
The potential for rain contamination of scatterometer-
derived winds has long been recognized (Wentz et al.
1982), but the magnitude of the impact has varied with
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instrument depending on the signal frequency and in-
cidence angle of the microwave signal with the surface.
The C-band (5 GHz) scatterometers, such asERS-1 and -2
(Attema 1991) and ASCAT (Figa-Saldana et al. 2002)
have smaller rain effects than Ku-band scatterometers,
such as QuikSCAT (Fig. 1). In the 1990s we discovered
that the lower incidence anglemeasurements fromNSCAT
demonstrated less rain effect than the higher incidence
angle measurements. Figa and Stoffelen (2000) showed
that for NSCAT’s outer swath areas heavy rain has a
clear (negative) impact on wind retrieval, and they con-
sequently developed a quality control (QC) algorithm.
The mixture of both high and low incidence angle mea-
surements inNSCATdatameant that rain contamination
was lower forNSCATas compared to that inQuikSCAT,
which has only two measurement beams, both at high
incidence angles (468 and 548).
Rain affects the scatterometer-measured radar cross
section signal in the following several ways:
1) Rain modifies the wind field through the downdrafts
associated with the rain. This alters the surface wave
spectrum. Smaller-scale downdrafts (as compared to
scatterometer resolution) may produce subgrid var-
iability, which in turn results in higher uncertainty in
the scatterometer wind retrievals. However, as scat-
terometers move to higher resolution, they should be
able to resolve downdraft effects.
2) Rain modifies the ocean surface (modulates the
surface wave spectrum) by impinging on it (surface
splash). At low wind speeds the most noticeable
effect is that of surface roughening. In this regime
the accepted rain impact model is for drops striking
thewater that create splash products (including rings,
stalks, and crowns) from which the microwave signal
scatters (Bliven et al. 1997). However, at high winds
and rain, the rain may still have an effect because of
a ‘‘rain-induced horizontal momentum transfer’’ (Le
Mehaute and Khangaonkar 1990). This stress is
based on the wind forcing of the raindrops, causing
them to strike the surface at a steep angle from nadir,
producing very different splash features. When this
occurs, the nature of the roughness geometry and
surface spectrum for short waves can be expected to
be chaotic and dependent on the water wavelength.
For example, raindrops impinging on the sea surface
also generate turbulence in the upper water layer,
which attenuates the short gravity wave spectrum
(.10-cm waves), while the centimeter-sized capillar-
ies will get larger (Melsheimer et al. 2001). This could
explainwhy rainmay alsomodify the surface through
wave–wave interactions, with the rain-induced cap-
illary waves modifying the short gravity waves. The
specific response of a particular sea surface may
result in an increased normalized radar cross section
(NRCS) at Ku band or a reduced NRCS at L band,
depending on the existing wind speed and dominant
surface spectrum. This is one reason why the effects
of rain could be different for C band relative to Ku
band. At storm-level wind magnitudes the sea spray
and wave breaking further complicate the surface
characteristics and air–sea interaction (Andreas
2004).
3) Rain modifies the propagation of the scatterometer
signal through the atmosphere by attenuating the
signal as it passes through the atmosphere in both
directions; attenuation of the signal is most prom-
inent at heavy rain rates .5 mm h21.
4) Rain modifies the propagation of the scatterometer
signal through the atmosphere by increasing the
signal that is scattered toward the instrument by
adding the backscatter from the rain volume to that
from the surface return.
In the last two points the volumetric effects of rain are
significant for Ku-band, but less so for C-band instru-
ments. While the first of these four effects might become
a nonissue for future scatterometers with better spatial
resolution, the remaining three effects will always ad-
versely affect scatterometer wind retrievals, and their
negative impact will be especially significant in the ab-
sence of independent observations of rain.
In most cases, the overall sum of the effect of rain is an
increase in the measured radar cross section which,
when not compensated for in wind retrieval, results in an
increase in the retrieved wind speeds. An exception to
this trend may be found in extremely high wind events,
such as hurricanes, in which the attenuation effect of
rain on the signal can dominate, leading to erroneously
low retrieved winds. Rain contamination also results in
erroneous turning of the retrieved wind directions to-
ward a cross-track orientation (especially for Ku-band
scatterometers). This erroneous cross-track wind di-
rection retrieval results from the volumetric effects of
the rain (attenuation and increased backscatter) be-
cause they mask the directional signal coming from the
surface, confusing the retrieval into assuming that the
wind is blowing cross track for which case there is no
directional signal.
Figure 1 contains an example of the circumstance in
which the QuikSCAT-measured NRCS and derived winds
are higher because of the rain located throughout most of
the storm. The estimatedwinds are relatively lower close to
the eye for both QuikSCAT and ASCAT where the storm
winds are highest, the rain is believed to bemost intense,
and the signal attenuation appears to be substantial.
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According to the Joint Typhoon Warning Center best-
track data, the maximum wind of Typhoon Dolphin was
46.3 m s21 at 1200 UTC 15 December (JTWC reports
1-minmeanwinds; data can be found online at http://www.
usno.navy.mil/NOOC/nmfc-ph/RSS/jtwc/best_tracks/).
Conversion by conventional methods suggests a maxi-
mum sustained 10-min wind of approximately 38 m s21.
The storm was located at 15.18N, 130.48E at this time.
FutureU.S. satellite scatterometermissions are planned
to include bothKu- and C-band radar (5.3 GHz) channels
becauseC band ismuch less affected by rain thanKuband
(see Table 1). The attenuation and volume scatter are
markedly less at this frequency based on straightforward
electromagnetic theory; however, the change in the sur-
face splash backscatter is being investigated at this time
using ASCAT and Next Generation Weather Radar
FIG. 1. Tropical Cyclone Dolphin observed by the (top left) Ku-band (13.4 GHz) QuikSCAT and the (top right)
C-band (5.3 GHz)ASCAT scatterometers on 15Dec 2008. (bottom left) Rain rate derived from SSM/I is also shown,
alongwith (bottom right) the difference inwind speed between the scatterometermeasurements. The higher-frequency
Ku-band microwave signal suffers more rain effects than that of the C band. In this example, QuikSCAT and ASCAT
data are shown for the storm.QuikSCAT-retrievedwind speeds are higher than theASCATwinds away from the eye
of the storm, and wherever rain is appreciable.
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(NEXRAD) data (Weissman andBourassa 2011).Much
has been learned from studies basedon theC-bandERS-1
and -2 scatterometers, and from ongoing studies using
the recently launched Exploitation of Meteorological
Satellites (EUMETSAT) ASCAT radar (Nie and Long
2007; Owen and Long 2010). In addition to the reduced
rain contamination at C band, another reason for dual-
frequency systems is that with both Ku- and C-band
frequencies available one can more readily estimate the
extent of rain contamination, and those estimates can be
used to correct the winds (Stiles et al. 2010).
TheNational ResearchCouncil (NRC)Committee on
Earth Science and Applications from Space issued its
decadal survey in 2007 and identified an Extended Ocean
Vector Winds Mission (XOVWM) as a high national
priority (National Research Council 2007) Its payload is
planned to include a high-resolution dual-frequency
scatterometer (Ku and C bands) and a multifrequency
radiometer to enable better rain detection and estima-
tion. A nearer-term QuikSCAT follow-on project, fea-
turing a straightforward QuikSCAT replacement, was
proposed as a collaboration between NASA and the
National Oceanic and Atmospheric Administration
(NOAA; Gaston and Rodriguez 2008). These possible
missions are awaiting budgetary authorizations. The recent
satellites launched by India (ISRO’s Oceansat-2 mission)
and China (Haiyang 2A) carry only single-frequency, Ku-
band scatterometers.
Part of the challenge in assessing rain effects in most
observations is the disparity of scale size between the
smaller homogeneous rain areas (5–10 km) of specific
intensity versus the 30 km 3 40 km scatterometer foot-
print. An important issue for satellite wind sensors is
the relative size and homogeneity of the rain areas with
respect to each scatterometer measurement cell that
collects a normalized radar cross section value, the so-
called beamfilling effect, which refers to the partial
coverage by rain inside the scatterometer’s field of view
(FOV). A typical wind vector estimate is derived using
an algorithm that weights groups of NRCS measure-
ments based on multiple azimuth looks of a given ‘‘spot’’
on the sea surface and two polarizations (for QuikS-
CAT). There is also more than one incidence angle. An
illustration of the geometric variety of these observa-
tions is diagramed in Fig. 2.
There are three primary options for dealing with rain
that is available to the producers of data for user ap-
plications and scientific investigations:
1) Detect the presence of rain and advise the users with
a quantitative ‘‘flag’’ about the affected data, so that it
FIG. 2. Illustration of beam filling. A rain cell (black circular dot)
is represented. The ellipses represent the areas (at the surface) of
multiple scatterometer measurements that are combined to infer
(or retrieve) the wind reported for the wind vector cell denoted by
the square.
TABLE 1. Previous and ongoing satellite scatterometer missions.
Instrument and satellite Dates in service Spatial resolution Scan characteristics Operational frequency
Seasat-A scatterometer 7 Jul 1978–10 Oct 1978 50 km with 100-km spacing Two sided Ku band (14.6 GHz)
Double swath
ERS-1 scatterometer Jul 1991–21 May 1997 50 km One sided C band (5.3 GHz)
Single swath
ERS-2 scatterometer 21 May 1997–present 50 km One sided C band (5.3 GHz)
Single swath
NSCAT 15 Sep 1996–30 Jun 1997 25 and 50 km Two sided Ku band (13.995 GHz)
Double swath
SeaWinds on QuikSCAT 19 Jul 1999–23 Nov 2009 25 and 12.5 km Conical scan Ku band (13.4 GHz)
One wide swath
SeaWinds on ADEOS-II Jan–Oct 2003 25 and 12.5 km Conical scan Ku band (13.4 GHz)
One wide swath
ASCAT Oct 2006–present 50 , 25, and 12.5 km Two sided C band (5.255 GHz)
Double swath
Oceansat-2 23 Sep 2009–present 25 km with 50-km spacing Conical scan Ku band (13.5 GHz)
One wide swath
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can be ignored (discarded) or used with limited accu-
racy (Huddleston and Stiles 2000a,b;Mears et al. 1999).
2) Attempt to estimate the rain column parameters and
incorporate them into a model that seeks to correct
the NRCS for the attenuation, volume backscatter,
and surface splash (Draper and Long 2004a; S. M.
Hristova-Veleva et al. 2011, unpublishedmanuscript;
Hristova-Veleva et al. 2006; Stiles et al. 2006; Hilburn
et al. 2006; Weissman and Bourassa 2008; Nie and
Long 2007; Owen and Long 2010).
3) Determine the wind speed empirically without any
explicit attempt to estimate the rain parameters them-
selves, as is entertained in Stiles et al. (2010) and Stiles
andDunbar (2010). Instead, a simple neural network is
used to determine a direct mapping from NRCS to
wind speed in all weather conditions. This new concept
is used in the Jet Propulsion Laboratory (JPL) reproc-
essing of QuikSCAT winds that became available to
the validation team in August 2011 and should be
available to the public shortly (contact B. W. Stiles for
more information at bryan.w.stiles@jpl.nasa.gov). It is
not described in detail here.
3. Rain flagging
Since rain contamination can degrade the wind mea-
surement accuracy, vectors contaminated by rain need
to be identified so that they can be treated properly
during analysis. One approach is to ‘‘flag’’ measurements
collected in rainy locations. Various rain flags have been
developed and included in the scatterometer data files. A
variety of different approaches to rain flagging have
been employed (see the QuikSCAT rain flag summary,
Table 2). Considerable QC development (including rain
flagging) has been carried out in Europe as well [e.g.,
Stoffelen and Anderson (1997), ERS QC; Figa and
Stoffelen (2000), NSCAT QC; Portabella and Stoffelen
(2001), QuikSCAT QC; and Portabella and Stoffelen
(2002)]. ASCAT has a quality flag that includes rain as
one of their parameters. The ASCAT flag is therefore a
type of goodness-of-fit flag (Portabella et al. 2011, man-
uscript submitted to IEEE Trans. Geosci. Remote Sens.).
a. Use of collocated rain measurements
Collocation of passive microwave radiometer data
from a space-based platform is perhaps themost reliable
method for detecting rain and flagging affected data. A
radiometer-based rain flag requires a tight collocation of
the time–spacewindow in order to accurately identify rain
effects (the best is,30 min, at 25 km). Derived rain rates
fromSpecial SensorMicrowave Imager (SSM/I), Tropical
Rainfall MeasuringMission (TRMM)Microwave Imager
(TMI), and Advanced Microwave Scanning Radiometer
forEarthObserving System (EOS;AMSR-E) are included
in the Remote Sensing Systems (RSS; http://www.remss.
com) QuikSCAT data files for this purpose. However, the
major disadvantage to thismethod is that the required tight
time and space collocation window limits the amount of
scatterometer data for analysis to roughly 30% of the
QuikSCATdataset. This is a strong disadvantage for a case
study; however, when performing a statistical analysis, it
may be less of an issue. Even so, even statistical studies can
be impacted by the distribution of collocations. The fact
that radiometer/scatterometer collocations often occur
in specific geographical regions means that geographical
variation in winds have to be considered to avoid biasing
study conclusions. Note that the presence of rain does not
necessarily indicate that the rain effects are strong enough
to warrant flagging, especially at high wind speeds. This
means that in addition to estimating the collocated rain
rates, this technique also requires some understanding
of how specific rain parameters affect the measured
NRCS at a given wind speed. For example, at wind
speeds less than 7 m s21 moderate rainfall rates (’2
mm h21) cause a surface splash effect that can change
the NRCS appreciably [mainly for horizontal polariza-
tion (H-pol) for the Ku band (see Weissman and
Bourassa 2008; Draper and Long 2004a)]. The effect is
smaller at C band (Nie and Long 2007; Owen and Long
2010), but is still consequential.
b. Autonomous and statistical methods
Stand-alone rain flags based only on scatterometer
data are another approach to rain flagging. Several stand-
alone rain flags have been developed. The scatterometer
project team at NASA’s JPL has the responsibility for in-
cluding information in their geophysical data products
about the likelihood of rain effects. The wind vector
products [level 2 B (L2B) files] include two statistical pa-
rameters that indicate the likely presence and the quantified
impact of precipitation on the accuracy of each wind vector
(Lungu 2006). The multidimensional histogram (MUDH)
and empirically normalized objective function (ENOF)
rain flags are two examples (see Table 2). The earliest
version, the ‘‘nof_rain_index,’’ was developed by a team at
Remote Sensing Systems (Mears et al. 1999). It was derived
using the ENOF rain-flagging technique produced by Re-
mote Sensing Systems (see below). The objective function
measures the difference between the observed radar return
and that expected in the absence of rain (Mears et al. 1999).
It is most useful for winds under 10 m s21.
The MUDH rain flag is based on a multidimensional
histogram. The histogram includes a number of rain-
sensitive parameters, such as beam difference, retrieved
wind speed, retrieved wind direction, a normalized
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maximum likelihood estimator, and the scatterometer
brightness temperature (Tb; Huddleston and Stiles
2000a,b). The current version of this flag in the JPL wind
product is referred to as the impact multidimensional
histogram (IMUDH). Like its predecessor MUDH, it
operates autonomously on QuikSCAT data, but the al-
gorithm was optimized and validated using the collocated
AMSR data available in theMidori-II mission. The orig-
inal MUDH algorithm was designed to discard any data
with column-integrated rain rates over 2 km mm h21.
IMUDHonly discards data inwhich the rain is sufficient to
contribute more than 2 m s21 or 308 of error to the re-
trieved wind speed and direction, respectively. The origi-
nal MUDH algorithm was validated by comparison with
SSM/I rain rates. The IMUDHalgorithmwas validated by
comparison to estimates of wind error resulting from rain
derived from SeaWinds and AMSR collocations. The al-
gorithm constituting this method works equally well for
both the SeaWinds and QuikSCAT datasets. As depicted
in Fig. 3, IMUDH alleviates the problem of overflagging
highwind speeds regions that plaguedMUDH.For similar
rain rates, high winds are less impacted by rain than lower
winds. Because IMUDH is impact based, it flags fewer
high winds as being rain contaminated.
The simple radiometric Tb used in IMUDH is deter-
mined from the instrument noise measurement used in
sigma-0 determination. This procedure converts the hard-
ware used for noisemeasurement to a radiometer, albeit an
imprecise one. The radiometer, thus produced, is referred
to as QRad. In addition to its brightness temperature
measurement, a QRad rain retrieval algorithm (Ahmad
et al. 2006) has been implemented in the JPL L2B data
product to infer instantaneous and collocated ocean-
integrated rain-rate measurements with wind retrievals.
This statistical algorithm was trained using near-simul-
taneous Tb observations by QRad and the TMI 2A12
surface rain rates (Ahmad et al. 2005). Typical results
shown below in Fig. 4 demonstrate that QRad rain-rate
measurements are in good agreement with TMI micro-
wave rain observations.
c. Multiparameter-based methods
Remote Sensing Systems developed several methods
of rain detection for QuikSCAT and a correction scheme
for SeaWinds based on the use of collocated radiometer
data. The correction scheme is described in section 5a. The
two rain flags are ENOF and a goodness-of-fit flag. The
ENOF rain flag is based on an empirically normalized
objective function. The objective function measures the
difference between the observed radar return and that
expected in the absence of rain (Mears et al. 1999). This
rain flag is provided in the JPL Physical Oceanography
Distributed Active Archive Center (PO.DAAC)
QuikSCAT L2B product. In addition, another rain flag
was produced byRSS that functionsmore as a quality flag
than a rain flag, but serves the purpose of removing rain-
affecteddata.Winds in thepresenceof rain, but not strongly
affected by the rain (such as high winds in tropical cy-
clones), are not flagged. This second rain flag is included in
the RSS QuikSCAT binary gridded files. Collocated ra-
diometer rain rates are included in these files when data
are available within a 30-min time window, which limits its
availability to only about one-third of theQuikSCATdata.
The flagging of rain-contaminated data can be prob-
lematic because one often has to choose between flag-
ging large amounts of good data or leaving significant
amounts of contaminated data unflagged (Huddleston
and Stiles 2000b). Wind vectors around storms are im-
portant for global vorticity analysis, and these are often
accompanied by rainfall. Unfortunately, flagging all
rainy areas as contaminated often removes from the
analysis the most dynamic and interesting portions of
the wind field. An alternative to merely discarding rain-
flagged data is to correct for the effects of rain on the
measurements. This is considered in the following sec-
tions. If effective corrections to the wind observations
are not possible, such observations need to be identified
and properly treated in later analysis.
4. Rain correction (simultaneous wind and rain
retrieval) using the scatterometer alone
Because the greatest rain effects occur in tropical re-
gions and along midlatitude fronts, which are regions of
FIG. 3. Percent of rain-free wind vector cells flagged for rain vs
NCEP wind speed. Cells were determined to be rain free if SSM/I
collocations within 30 min and 25 km had identically zero rain
rates. QuikSCAT MUDH (red curve) is shown, as is a very early
version of MUDH for SeaWinds onMidori-II (blue curve) and an
early version of IMUDH (green curve).
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great interest, there is a need to correct for the effects of
rain in order to increase the number of data available for
analysis in dynamically important regions. With some
limitations a simultaneous wind and rain retrieval tech-
nique that uses only scatterometer data can be used. Al-
ternately, data from other sensors can be employed. In
this section we consider rain mitigation using only scat-
terometer data and consider other sensor data in the next
section.
The Microwave Earth Remote Sensing (MERS) Lab-
oratory at Brigham Young University (BYU) has en-
gaged in several areas of investigation and developed
numerous techniques for addressing the rain issue for
QuikSCAT and other satellite sensors (e.g., Draper and
Long 2004b; Nie and Long 2008; Nielsen and Long 2009;
Owen and Long 2011a). Of particular interest are the
methods based only on scatterometer observations. Si-
multaneous wind and rain (SWR) estimation has been
proposed as a method for 1) detecting the presence of
rain, 2) determining whether the rain effect is significant
enough to contaminate the wind retrieval, 3) correcting
(where possible) the rain-contaminated backscatter mea-
surements to enable accurate wind retrieval, and 4) esti-
mating the rain rate, and thereby providing additional
information from the measurements. SWR retrieval is a
scatterometer data–only method that is based on ex-
tending the scatterometer wind geophysical model func-
tion to include rain to produce a combined wind–rain
geophysical model function. In formulating the wind–rain
geophysical model function the rain backscatter model is
(often) simplified into a rain attenuation term and a net
effective backscatter term, which incorporates both the
effects of backscatter from falling rain and the adjusted
backscatter of the rain-modified surface (Draper and
Long 2004a). At C band the latter term is almost exclu-
sively due to surface modification (Nie and Long 2007;
Weissman and Bourassa 2011), while both falling rain and
surfacemodification can be important atKuband (Draper
and Long 2004b; Owen and Long 2011a).
In the combined wind–rain model function the scat-
terometer-measured backscatter is modeled as
s0M 5 (s
0
w 1 s
0
sr)a 1 s
0
r , (1)
where s0M is the measured backscatter; s
0
w is the wind-
induced surface backscatter, assumed to be the same as
the conventional rain-free model function; s0sr is the
surface backscatter perturbation resulting from im-
pinging rain; a is the attenuation of the scatterometer
signal resulting from rain; and s0r is the backscatter re-
sulting from the falling rain. For simplicity, this model is
often expressed as
s0M 5 s
0
w(u, u)a(R) 1 s
0
eff(R), (2)
where s0eff is the effective backscatter resulting from rain
for a rain rate of R. Note that the wind speed u and di-
rection u-dependent component of the geophysical
model function are treated as being independent of the
rain. Using either the TRMM precipitation radar (PR)
backscatter and rain-rate estimates or the AMSR at-
tenuation and rain measurements, parameters of a log-
quadratic expression of rain rate and attenuation versus
rain rate are estimated (Draper and Long 2004b; Nie and
Long 2007; Nielsen and Long 2009; Owen and Long
2011a). Figure 5 shows a plot of the Ku-band geophysi-
cal wind and rain model function. Note the sinusoidal
FIG. 4. A typical example of rain event found in the (top) TMI
2A12 product and (bottom) QRad product. Spatial resolution is
25 km (WVC grid) and coincidence time difference is approxi-
mately 10 min.
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variation of s0M with wind direction, which leads to mul-
tiple directional ambiguities in the estimated wind and
necessitates an ambiguity selection algorithm. As sug-
gested by Eq. (2), rain attenuates the signal, with attenu-
ation increasingwith rain rate.As long as the attenuation is
not too large, the azimuth variation in the wind-induced
backscatter can still be detected, enabling estimation of
the wind direction. The rain attenuation reduces the ap-
parent wind speed, but this is offset to a degree by the
increased backscatter from the rain. The latter is not,
however, a function of the wind direction. Thus, the rain
and wind signatures in the backscatter can be separated
by combining multiple backscatter measurements at dif-
ferent azimuth directions.
For vector wind retrieval, multiple backscatter mea-
surements taken at different azimuth angles are combined
using maximum likelihood (ML) techniques to estimate
the wind and rain. In SWR retrieval, the conventional
wind-onlyMLobjective function ismodified to incorporate
the rain-rate estimate and thewind–rain geophysicalmodel
function. (Draper and Long 2004b; Nie and Long 2008).
When excessive rain attenuation is encountered, the wind
cannot be retrieved, though rain rate can still be estimated
(Allen andLong 2005;Owen andLong 2011b). Combining
SWR with reconstruction/resolution enhancement tech-
niques can ameliorate rain cell beam-filling issues because
the wind and rain are retrieved at scales approaching the
size of rain cells (Owen and Long 2011a,b). Because it re-
quires no other data, the SWR is applicable over the full
QuikSCAT and SeaWinds missions.
5. Rain correction combining scatterometer and
other sensor measurements
Another approach to rain mitigation is based on the
use of independent observations collected from other
sensors, typically microwave radiometer data, though
ground-based radar can also be used. An effective
method, the key limitation of this approach is that it can
be used only when collocated radiometer or ground-
based radar is available.
a. Using AMSR microwave radiometer data
The combination of the SeaWinds scatterometer and
AMSR radiometer on the Midori-II satellite made it
possible to develop rain correction algorithms for scat-
terometer data, which can either minimize or remove
the effect of rain on the scatterometer winds. Described
below are several alternative approaches that have been
developed. These rain corrections can also be applied to
QuikSCAT data, but only when collocated data from
a microwave radiometer is available because the radi-
ometer measurements are necessary for rain correction.
For example, such corrections can be used whenever
AMSR-E is collocated with QuikSCAT. Although these
techniques were specifically developed for AMSR, simi-
lar techniques could probably be applied to collocations
of one of the SSM/I radiometers and QuikSCAT.
1) RSS APPROACH
Hilburn et al. (2006) developed the rain correction
using AMSR brightness temperatures to correct Sea-
Winds radar cross sections, which could then be used to
retrieve wind speeds and directions. The correction was
physically based on modeling attenuation, backscatter,
and rain roughening of the surface; and the coefficients of
the correction were empirically determined using NCEP
Global Data Assimilation System (GDAS) winds. The
work highlighted the importance of the rain-roughening
term, especially at low rain rates where rain backscatter
alone cannot explain the magnitude of the rain effects.
The work also showed how accounting for nonuniform
beamfilling (when the quantities that affect the NRCS
vary appreciably within the area illuminated by the an-
tenna beam) is important for estimating the attenuation
of the scatterometer signal. Finally, the work showed
how variability in the relationship between rain rate and
rain backscatter complicate the removal of rain con-
tamination. Substantial improvements in wind speed
with more modest improvements in wind direction were
found, particularly in the overall statistical characteris-
tics of the dataset (Fig. 6).
FIG. 5. Ku-band simultaneous wind/rain geophysical model function (Draper and Long
2004a).
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2) JPL APPROACH
The scatterometer project team at NASA’s Jet Pro-
pulsion Laboratory used the AMSR and scatterometer
measurements as inputs to a three-step rain correction
strategy (S. M. Hristova-Veleva et al. 2011, unpublished
manuscript; Hristova-Veleva et al. 2006; Stiles et al. 2006).
First, they retrieved rain, atmospheric, and surface quan-
tities from the AMSR multiple frequency channels of
brightness temperatures. Next, they developed two com-
plementary methods (physical and empirical) to quantify
the impact of rain on scatterometer measurements as a
function of the retrieved geophysical parameters. Finally,
they corrected the scatterometer measurements using
each of the two rain impact models and retrieved new
wind fields from the corrected measurements.
Both of their rain correction methods (physical and
empirical) are improvements over the standard wind
retrieval. As mentioned already, the presence of rain in
the scatterometer FOV often results in the retrieval of
winds that are erroneously oriented in a cross-track di-
rection (at;908 and;2708) and have higher speeds than
both the buoy and global model winds suggest. The
details of each of the three steps are described below and
a performance comparison is provided.
3) RAIN RETRIEVALS
S. M. Hristova-Veleva et al. (2011, unpublished manu-
script) developed a passive microwave rain retrieval al-
gorithm that uses AMSR brightness temperatures to
estimate the rain and other atmospheric and surface
parameters inside the scatterometer FOV. Their passive
microwave rain retrieval algorithm addresses the issues
of nonuniform beam filling and hydrometeor uncertainty,
thus aiming to resolve some of the outstanding problems
associated with cloud and precipitation retrievals identi-
fied by Stephens and Kummerow (2007). In addition to
rain estimates, the algorithm retrieves a number of pa-
rameters describing the atmosphere and the underlying
surface [sea surface temperature (SST), vertically in-
tegrated water vapor (V), vertically integrated total liq-
uid (L; the columnar cloud water plus rainwater), and
rain rate]. Simultaneous retrieval of all these parameters
reduces geophysical cross talk and leads tomore accurate
estimates of the rain (particularly, light rain).
4) ESTIMATING THE RAIN-INDUCED
MODIFICATIONS OF THE SCATTEROMETER
MEASUREMENTS
(i) Rain corrections: Physical approach
Estimation of the near-surface wind velocity from scat-
terometer measurements is based on the assumption that
variations in the measured power are due to variations in
the normalized radar cross section (s0) of the ocean sur-
face that result solely from variations in the wind. Hence,
correcting the scatterometer wind for rain requires cor-
recting the s0 measurements for the rain-induced effects.
This requires accurate estimates of not only the vertically
integrated precipitation amounts but also of the surface rain
rate. As already described in section 2, the scatterometer
signal is impacted in three ways: the signal is attenuated by
the rain, clouds, and vapor in the atmosphere; the signal is
augmented by the backscatter from rain droplets in the at-
mosphere; and, finally, the signal is augmented by the
roughening of the ocean surface that is induced by the rain
rate at the surface (the ‘‘splash’’ components, whose
properties are affected by rain and wind). The relative
effects of these processes will depend on the wind and
rain magnitudes.
The physical approach employed by Hristova-Veleva
et al. (2006) estimates the three rain effects separately
using parameterized relationships between retrieved
geophysical parameters (total liquid water and rain rate)
and the scatterometer effects (volume attenuation, vol-
ume rain backscatter, and rain-induced surface rough-
ening).As such, the approach uses statistical relationships
(e.g., Z 5 aRb) that reflect drop size distribution (DSD)
dependence, etc. We refer to it as ‘‘physical’’ because
numerical wind products were not explicitly used to re-
gress the model parameters.
In particular, while developing the AMSR geophysical
retrieval algorithms S. M. Hristova-Veleva et al. (2011,
unpublished manuscript) used a radiative transfer model
to compute the radiometric signatures (attenuation and
FIG. 6. RSS SeaWinds globally averaged wind retrievals for un-
corrected data (dashed), rain-corrected data (solid), and NCEP
wind speeds (dotted), which are plotted vs AMSR rain rates. Note
that while improved, the correction does not remove all of the rain
effect relative to NCEP winds.
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brightness temperatures) that are associated with the
hydrometeor profiles in the retrieval databases. The
radar reflectivity at 13.4 GHz can be easily computed
once the rain rate has been determined and the DSD
assumptions have been made. The radar reflectivity is then
used to compute the volumetric precipitation backscatter.
In this process, the attenuation of the intervening layers is
also accounted. Finally, the rain-induced surface roughen-
ing (the ‘‘splash’’ effect) is computed as function of the rain
rate following results fromobservational studies (Stiles and
Yueh 2002; Contreras et al. 2003).
The rain correction proceeds by solving for s0w from
Eq. (1) using the estimated by the above method at-
tenuation (a), volume rain backscatter (s0r), and surface
splash (s0sr).
(ii) Rain corrections: Empirical approach
The empirical method (Stiles et al. 2006) compares the
observed s0SeaWinds to the NCEP model wind-inferred
s0NCEP to estimate the rain corrections as function of the
AMSR-derived geophysical parameters [Eq. (3)]:
s0(SeaWinds) 5 A(L,V, SST)s0(NCEP)
1 B(L,V, SST). (3)
NCEP winds are employed to estimate equivalent rain-
free backscatter values. The rain-induced attenuation A
and additive backscatter B components are then re-
gressed as a function of SST, vertically integrated vapor
(V), liquid (L), and antenna beam. NCEPwinds are only
used in regressing the parametric model. The empirical
approach estimates attenuation and effective backscat-
ter that combines the rain volume backscatter and the
attenuated rain-induced surface effects [the splash resulting
from rainfall and rain–wind interaction (Weissman and
Bourassa 2008)].
TheA andB values are obtained by empirical fitting in
a two-step process. The first step chooses the A and B
that minimize the mean-square difference between the
right and left sides of Eq. (3). The second step normal-
izesA andB so thatB is zero andA equals the physically
derived attenuation when L , 0.2 mm. This prevents
biases resulting from NCEP from contaminating the
corrected scatterometer (SeaWinds) winds. The rain
correction proceeds by subtracting B from the sigma-
0 measurements and then dividing by A. The NCEP
winds are only used to fit A and B as a function of L, V,
and SST; they are not usedwhen the correction is applied.
The physical and empirical models have complemen-
tary advantages and disadvantages. The physical model
is limited because several important components of the
rain impact are not well understood, including surface
roughening resulting from rain (splash and propagating
ring waves) and polarization-dependent differences in
backscatter from the rain column. The empirical model,
because it is regressed from the data, compensates for the
poorly understood physics, but it has the disadvantage
that systematic errors in the numerical wind product can
creep into the model. The functional form of the empir-
ical model has been chosen to reduce the impact of such
errors, but it is impossible to remove them entirely.
Furthermore, the empirical approach produces estimates
of the average conditions and, currently, cannot account
entirely for the partial beam filling by the rain.
(iii) Results
Applying the AMSR-based physical and empirical
atmospheric correction to the scatterometer observations
has resulted in significant improvement of the scatter-
ometer winds in rainy conditions. The entire Midori-II
mission 7-month dataset was used to evaluate these
methods. Figure 7 shows the distributions of the un-
corrected scatterometer winds (in black) and compares
them to the distributions from two global models (two
shades of green) and the two versions ofAMSR-corrected
winds [in red for the physical correction (Hristova-Veleva
et al. 2006) and cyan for empirical (Stiles et al. 2006)]. The
effect of the rain contamination on the uncorrected scat-
terometer winds is illustrated by how the black curve de-
viates from the two green curves as the amount of the rain
increases inside the satellite’s FOV (from top to bottom).
The two most important contributions of the corrections
are the removal of speed biases as a function of rain rate
and the reduction of the rain-induced cross-swath di-
rectional preference.
b. QRad-based methods
Another rain correction approach to measuring ocean
wind vector is the active/passive Q-Winds retrieval algo-
rithm (Laupattarakasem et al. 2010). The algorithm has
been applied with modest success to measuring tropical
cyclones,which areusually associatedwithhighwind speeds
and strong rainbands. It combines simultaneous QRad
Tb with the conventional multiazimuth radar-look ocean
backscattermeasurements to retrieve oceanwind vectors in
the presence of rain for extremewind events. The algorithm
was trained using 25QuikSCAT hurricane overpasses from
2001 to 2008, collocated with the NOAA Hurricane Re-
search Division (HRD) H*Wind surface wind analyses.
Although the Q-Winds algorithm utilizes a maximum
likelihood estimation (MLE) wind vector retrieval
technique similar to that of QuikSCAT L2B-12.5 km,
there are some notable differences. First, Q-Winds
uses both active s0 and passive horizontal polarized
brightness temperature (TbH) measurements to infer
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ocean surface wind vector in the presence of rain. This is
accomplished using a special ‘‘extreme winds’’ geo-
physical model function (XW-GMF), which models the
effects on s0 of both rain and surface winds, as shown in
Fig. 8. In this GMF development, rain effects were im-
plicitly modeled by sorting QuikSCAT s0 observations
by H-pol brightness temperatures, which were highly
correlated with the average precipitation environment.
Second, Q-Winds uses the QRad TbH to produce an
excess rain quality assurance flag, which is significantly
different from the L2B-12.5 kmMUDH rain flag. In the
L2B-12.5 km ocean vector winds (OVW) product, the
multidimensional histogram rain probability .0.1 is
recommended as rain flag threshold; however, this value
causes the majority of high wind speed retrievals to be
flagged as rain. Thus, for hurricane conditions, this
MUDH probability level has difficulty in discriminating
rain-degraded retrievals from valid high wind speed
solutions. On the other hand, the Q-Winds excess rain
flag (QERF) algorithm uses a simple threshold for
QRad TbH, which is based upon Q-Winds retrieval er-
rors from the QuikSCAT hurricane training set.
Figure 9 shows a comparison between theMUDHand
Q-Winds rain flagging for Hurricane Fabian.
An example of Q-Winds retrievals in Hurricane Fa-
bian (September 2003) and L2B-12.5 km wind vectors
compared with the H*Wind surface truth is presented in
Fig. 10. Each subpanel is a hurricane surface wind image
in a 58 3 58 analysis window with the hurricane eye
(based upon the National Hurricane Center’s best-track
location) centered at coordinates (20, 20), and the y and
x coordinates are latitude and longitude, respectively,
on a relative scale of 0.258 (25 km) increments. In each
panel, wind speeds are presented in the same color scale
that ranges from 0 to 50 m s21, and the arrows are the
decimated flow directions.
Statistically, the overall wind speed retrieval perfor-
mance of Q-Winds and L2B-12.5 km is assessed using
the composite of 10 independent hurricane revolutions,
and results are shown in Fig. 11. The upper panel is the
binned average wind speed comparison before applying
rain flags, and the lower panel is after the rain flags are
applied. These comparisons with H*Wind speeds dem-
onstrate that Q-Winds retrievals (solid blue lines) are
FIG. 7. Distribution of (left) wind direction and (right) speed for three different categories of retrieved total liquid:
(top) nonrainy areas, (middle) medium-intensity rain, and (bottom) high-intensity rain. Shown are five different
fields: ECMWF and NCEP model fields (two shades of green), uncorrected scatterometer winds (black), and two
different corrections based on the AMSR retrievals [red (the physical correction) and cyan (the empirical correc-
tion)] are shown.
368 JOURNAL OF ATMOSPHER IC AND OCEAN IC TECHNOLOGY VOLUME 29
superior to L2B-12.5 km retrievals (dashed red lines)
for both cases (both with and without rain flags ap-
plied). This is especially evident in the right panel,
where after the quality rain flags have been applied; the
Q-Winds are in good agreement in the mean for wind
speeds greater than 40 m s21. However, because high
wind speeds are usually associated with strong rain, the
resulting wind speed comparison standard deviations
are high because of the imperfect rain correction of
QRad Tbs.
FIG. 8. Example of XW-GMF for wind speeds of (top) 20 and (bottom) 40 m s21 for (left) H-pol and (right) V-pol.
The effects of precipitation are most pronounced for H-pol s0 by changes in the mean for s0 curves for increasing
values of TbH (blue: 140, red: 155, and black: 170 K), which corresponds to greater intensity rain.
FIG. 9. Q-Winds and L2B-12.5 km-retrievedOVW images with quality rain flags applied for Hurricane Fabian: (left)
Q-Winds and (right) L2B-12.5 km.
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Finally, Q-Winds and L2B-12.5 km wind direction
retrieval performance was assessed by comparing with
H*Wind directions for the same composite of 10 vali-
dation hurricane revolutions as presented in Fig. 12.
When averaging over the 58 3 58 regions of the hurri-
cane wind fields, Q-Winds and L2B-12.5 km directions
agree well with H*Wind in nonraining regions. How-
ever, in rainy regions the L2B-12.5 km OVW algorithm
retrieves cross-swath wind directions, where the s0 is
dominated by isotropic rain volume backscatter (see the
red ‘‘boxes’’ in the upper panel). On the other hand, Q-
Winds wind directions are in good agreement with
H*Wind regardless of rain, as seen in the lower panel.
c. Studies and corrections using NEXRAD
The satellite-based measurements described above
are able to sense the precipitation column in the atmo-
sphere; however, they cannot directly resolve the verti-
cal profile of attenuation and reflectivity. They are also
limited by incomplete beam-filling and rain impact in-
formation (Owen and Long 2011a). In addition to these
satellite-based observations, a high-resolution approach
to measuring the three-dimensional rain reflectivity,
using coastal ground-based radars, has been in progress
for several years. This method utilizes the NEXRAD
resources available from the U.S. National Weather
Service. The NEXRAD S-band radar stations span al-
most the entire east coast of the United States and Gulf
of Mexico. The archived data can provide useful surface
rain estimates out to about 250 km from the shore with
2-km spatial resolution, and within minutes of any sat-
ellite observation of these regions. For QuikSCAT
studies, the beam-filling problems indicated by Fig. 2 can
be minimized because the NEXRAD data consist of
volumetric scan patterns that can be converted into
a high-resolution radar reflectivity distribution that fills
each beam ofQuikSCAT radar. This allows the two-way
attenuation and the volume backscatter of the Ku-band
signal to be removed from the processed satellite NRCS
data, leaving only the power reflected by the surface
(Weissman and Bourassa 2008; Allen and Long 2005).
One of the benefits of this technique is that it provides
estimates of the total sea surface NRCS, the combina-
tion of the wind-driven roughness, and the rain impact
roughness. The latter is observable at high rain rates
(10 mm h21) up to winds of 35 m s21.
Similar to findings from previous surface-based stud-
ies (Contreras et al. 2003), an analysis of the combined
QuikSCAT and NEXRAD measurements for a low
wind event (5 m s21) near the Texas coast shows that
the surface radar cross section (NRCS) can be domi-
nated by the rain intensity once it reaches an average of
2 mm h21. Figures 13 and 14 show the rain intensity
observed at least 50 km off the coastline by the Corpus
Christi, Texas, NEXRAD and the surface NRCS de-
pendence inferred from the SeaWinds scatterometer on
QuikSCAT. In Fig. 13, the methodology produces col-
located estimates of the spatially averaged surface rain
rate (color coded in dBZ) for each of the scatterometer
cells (both polarizations). The H-polarized NRCS sub-
set of these cells is plotted versus rain rate in Fig. 14.
Both the original satellite NRCS data and atmospheri-
cally corrected version, to yield the total surface value,
are plotted versus rain rate. The latter value represents
the sum of the wind-driven surface roughness and the
splash effect induced by the rain. These results indicate
that the atmospheric effects are small for rain rates be-
low 3 mm h21 because the volume backscatter and the
attenuation tend to cancel each other out. However, the
mean effect of the rain-induced roughness is clearly
a monotonic function of the rain intensity, causing an up
to 10-dB increase in NRCS at 10 mm h21, and much
higher as the rain rate increases to 40 mm h21.
As the wind speed increases, the relative change in the
splash-induced NRCS is not as steep. However, even at
hurricane wind speeds, we find a clear dependence on
FIG. 10. Hurricane Fabian (2003) surface wind field: (left) Q-Winds retrievals, (middle) JPL L2B-12.5 km, and (right) NOAA HRD
H*Wind surface analysis.
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the rain rate. A study of this effect, whenHurricane Rita
was approaching the Texas coast on 24 September 2005,
was conducted. Figure 15 displays the NEXRAD rain
reflectivity (dBZ) measured by the Houston, Texas,
station (KHGX) and interpolated to an elevation of
about 500 m, with a horizontal resolution of 2 km. The
locations of the scatterometer measurement cells for
NRCS (both polarizations) are overlaid; these indicate
coverage over a wide range of rain intensities and wind
speeds. With supporting data from the NOAA/Atlantic
Oceanographic andMeteorological Laboratory (AOML)/
Hurricane Research Division it was possible to separate
areas with specific ranges of wind speed magnitudes. The
NRCS values for H-pol, where the winds were estimated
to be between 30 and 35 m s21, were processed to remove
the atmospheric attenuation and volume backscatter, and
were then examined for their rain-rate dependence. These
NRCS values, within selected rain-rate bins, were then
processed with mean and standard deviations and plotted
in Fig. 16. These indicate a clear increase of theNRCSwith
rain rate, even in these very highwind speedswhere the sea
surface is dominated by breaking waves, foam, and sea
spray. Effects of this type are larger at the lower wind
speeds. One consequence of this is that surface wind es-
timates, using scatterometer model functions and wind
retrieval algorithms, could overestimate the wind mag-
nitude at the higher rain rates.
6. Summary
The scatterometer has been demonstrated to be
a major asset to oceanography, meteorology, and envi-
ronmental science in general. Many of the recent major
advances in satellite oceanography can be found in Liu
et al. (2010). However, rain issues continue to be a cause
FIG. 11. Wind speed comparisons for composite of 10 QuikSCAT
hurricane revolutions. Q-Winds (blue lines) and L2B-12.5 km (red)
are shown. QuikSCAT retrievals (top) without rain flags and (bot-
tom) with QRad and MUDH rain flags applied.
FIG. 12.Wind direction comparisons to H*Wind for 10 hurricane
revolutions without rain flagging: (top) L2B-12.5 km and (bottom)
Q-Winds wind directions.
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for concern; the relative level of interference and dis-
ruption depends on the specific area of application. As
the sophistication of ocean general circulation models
increase, they become increasingly sensitive to accurate
surface wind stress curl forcing. In the case of climate
studies, Milliff et al. (2004) has shown that missing or con-
taminated data lead to appreciable errors in the Sverdrup
transport calculations performed for both Northern and
Southern Hemispheres. There is a significant need for im-
proved wind speed and wind stress calculations, along with
more accurate rain-flagging techniques. This article pro-
vides an overview of the variety of approaches that are
being actively investigated, and some specific applications
where they are most successful. We show that there has
been distinct progress in understanding the physics of the
problem, but the solution depends on the spatial properties
of illumination, made possible with supporting data from
radiometers and/or the wind retrieval algorithm. These
were reviewed in Table 2 above. These programs are con-
tinuing to improve the quality of the mission data products,
increasing fundamental knowledge about the atmospheric
rain conditions and the sea surface impact phenomena, and
preparing for thenext generationof satellite scatterometers.
The history of scatterometry has dictated that the Ku-
band radar has received most of the attention for inves-
tigating and addressing rain issues. However, the future
FIG. 13. Average rain intensities (log scale) at location of QSCAR
cells from NEXRAD.
FIG. 14. H-pol-measured data and rain-corrected values to reveal
surfaceNRCSvs average rain rate. Themeanwind speed is 5.3 m s21.
FIG. 15. Hurricane Rita: A horizontal slice of NEXRAD re-
flectivity; the color bar (dBZ) shows locations of theQScat level 2A
(NRCS) data cells located below the coastline.
FIG. 16. Dependence of the total surface NRCS on rain intensity.
Data are segmented into wind regimes and rain-rate ranges, then
plotted using mean and STD error bars vs rain rate.
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spaceborne scatterometers will consist of C and/or Ku
bands. In the case of ASCAT (Figa-Saldana et al. 2002),
the C-band radar is unaccompanied by any other in-
strument, so methods for rain amelioration will depend
on features of this instrument. Because of the lower rain-
induced backscatter and attenuation at this wavelength,
the impact on this mission may not be as severe but it is
still important. While there is clear evidence that at-
mospheric effects at C band are much smaller, the sur-
face splash effect can be significant depending on wind
speed and rain rate, and thus adversely affect the wind
(Owen and Long 2010; Nie and Long 2007; Weissman
and Bourassa 2011). Other prospects for future satellite
missions would combine Ku- and C-band radars, and a
passive sensorwithAMSR-like capabilities (e.g., Rodriguez
et al. 2008; Long et al. 2009). This combination would
produce amajor innovation forwindmeasurements,more
accurate correction for rain-induced artifacts, and simul-
taneous estimation of the collocated rain. These com-
bined wind and rain observations will be very valuable in
studying a range of weather and climate phenomena.
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